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ABSTRACT
Although orientation has proven to be a key skill of soccer
players in order to succeed in a broad spectrum of plays,
body orientation is a yet-little-explored area in sports analyt-
ics’ research. Despite being an inherently ambiguous con-
cept, player orientation can be defined as the projection (2D)
of the normal vector placed in the center of the upper-torso
of players (3D). This research presents a novel technique
to obtain player orientation from monocular video record-
ings by mapping pose parts (shoulders and hips) in a 2D
field by combining OpenPose with a super-resolution net-
work, and merging the obtained estimation with contextual
information (ball position). Results have been validated with
players-held EPTS devices, obtaining a median error of 27
degrees/player. Moreover, three novel types of orientation
maps are proposed in order to make raw orientation data easy
to visualize and understand, thus allowing further analysis at
team- or player-level.
Index Terms— Soccer, Orientation, Sports Analytics,
Pose, Data Visualization.
1. INTRODUCTION
The recent rise of sports analytics has provided a new set
of metrics and statistics that can serve coaches to evaluate
both player’s and team performance. From spatio-temporal
models that estimate the probability of possession success in
soccer [8], to the forecasting of future movement locations in
basketball [21], tracking data has provided a rich source of
information for exploring complex spatio-temporal dynam-
ics in team sports (e.g., [11, 12, 14, 18, 20, 23, 24]). Despite
their importance, these location data are clearly insufficient
to determine if a player is in condition of properly acting dur-
ing the play, which will be influenced by contextual informa-
tion and the player’s own pose and orientation. Proper ori-
entation has proven to be crucial for soccer players in order
to excel in particular situations, such as receiving or giving
ideal passes because of an appropriate field of view, defend-
ing two players at a time or finding open-spaces due to a fast
reaction. Body orientation is claimed to be more meaningful
in the sports’ context than gaze orientation (given by meth-
ods such as [16, 10]); nevertheless, only few contributions
have been made about body orientation in sports’ challeng-
ing scenarios [7, 5]. The main goal of this article is to esti-
mate the body orientation of soccer players from video data,
Fig. 1. Qualitative results, displayed in the original frames
(left), and the 2D field (right).
with potential generalization to other sports. By seeking the
2D orientation of the field projection of the normal vector
placed in the center of the upper-torso of players, this paper
presents a novel technique to extract orientation by merging
pose and contextual information. On the one hand, Open-
Pose [1] is used in combination with a super-resolution net-
work [26] to extract the coordinates of body parts of every
single player; projectively mapping key pose parts (in partic-
ular, shoulders and hips) in a 2D field-space results in a first
orientation estimation; on the other hand, contextual infor-
mation quantifies the orientation of each player with respect
to the ball. The interaction between the ball and the players
has been acknowledged as important for action analysis (e.g.,
[17, 6, 15, 22]). Results have been obtained by validating
the output of the presented method with data extracted from
players-held EPTS [9] devices: 96.5% accuracy on left-right
orientation directions is obtained together with an absolute
median error of 27.66 degrees/player; a visual example can
be seen in Fig. 1. Besides, as raw orientation data might
be difficult to interpret, three different visualization tools are
proposed to analyze the orientation information in relation
with different events or match context: OrientSonar, Reac-
tion, and On-field maps.
2. PROPOSED METHOD
In this paper, the orientation of a player’s body is defined
as the rotation of the player’s upper-torso about the verti-
cal axis, which is assumed to coincide with the angle of the
2D field projection of a 3D normal vector placed in the cen-
ter of their upper-torso, involving both shoulders and hip
parts. The overall pipeline of the presented method is dis-
played in Fig. 2. This Section provides a detailed expla-
nation of two different kinds of orientation estimation from
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Fig. 2. Proposed pipeline. On the one hand, pose orientation is found by combining a super-resolution network, OpenPose
and 3D vision techniques (plus a coarse validation); on the other hand, ball orientation is also computed.
which the method benefits: (1) pose data and (2) ball po-
sition. The output of all these individual estimations pro-
duces both a numerical orientation result and a confidence
value. Orientation is measured in degrees and discretized
into 24 probability bins using the reference system displayed
in Fig. 3(a). While the orientation value indicates the bin
with higher probability, the confidence value is used as a
prior to quantify, in an inversely proportional way, how many
other neighboring bins have non-zero probability. This pa-
per proposes an algorithm that outputs a probability density
function (pdf) of the estimated orientation, thus containing
both an estimated angle (maximum of pdf) and its confi-
dence (inverse of the pdf support). A posteriori, a contex-
tual weighting is performed to finally output the orientation
of each player.
2.1. Pose Orientation
Estimating orientation from pose data is a key ingredient of
our method, and uses pretrained models and 3D vision tech-
niques in order to obtain a first orientation estimation of each
player. Given temporally-smoothed bounding boxes of play-
ers, a combination of super-resolution and pose detection
techniques is applied to find the pose of every player. Both
the left-right shoulders and the left-right parts of the hip will
be considered as the main upper-torso parts. By projecting
these parts in a 2D space, the normal vector between these
points can be extracted.
Pose Detection: having the bounding boxes for all vis-
ible players in each frame, the OpenPose library [1] can be
used to extract the pose of every single individual (we refer
to [19, 25, 2] for details of pose models). Given a soccer
frame, the output of the pose estimator is a 25×3 vector for
each player, with the position (in image coordinates) of 25
keypoints, which belong to the main biometric human-body
parts, together with a confidence score. However, detecting
the pose of players in sports scenarios is always challenging
given the frequent occlusions and fast movements that lead to
motion blur. Moreover, the average resolution of bounding
boxes around players in Full-HD frames is around 15×50
pixels. Hence, small image crops are not always properly
processed by OpenPose, resulting in a null set of landmarks.
For this reason, a super-resolution network is used to prepro-
cess bounding boxes and enhance the image quality instead
of a simpler interpolation technique. More concretely, the
Fig. 3. (a) Orientation discretization in 24 bins (blue - bin
number). (b) Different 2D combinations of left-right mapped
parts; (c) same combinations with normal vectors.
applied model is a Residual Dense Network (RDN) [3, 26].
Angle Estimation: once the pose is extracted for each
player, the coordinates (and confidence) associated to the
upper-torso parts are stored to estimate the pose orientation.
Given the four field corners’ coordinates in the image plane,
a homography is computed with the DLT algorithm [13] after
establishing the four field-corners correspondences between
the frame and a 2D field given by a template image of it.
Other homography estimation strategies can be used (e.g.,
[4]). From the output of OpenPose, the coordinates of the
main upper-torso parts are found in the image domain; by
mapping the left-right pair (either shoulders or hips) in the
2D field, a first insight of the player orientation is obtained,
as seen in Fig. 3(b). Basically, the player can be inclined
towards the right (0-90o, 270-360o, bins 0-11) or the left (90-
270o, bins 12-23) side of the field. From now on, this first
binary estimation, which indicates if the orientation belongs
to the first or second half of the orientation histogram, will
be called LR-side parameter.
Fig. 4 shows in more detail how pose orientation is es-
timated: first, left-right shoulders and hips are mapped via
the estimated homography into the 2D space; then, LR-side
booleans (LRSh,LRHi), angles (αSh, αHi) and confidences
(CSh, CHi) are obtained, where the suffixes Sh and Hi
stand for shoulders and hips, respectively. The associated
confidences are the product of OpenPose’s individual shoul-
der and hips confidences respectively. However, OpenPose
might fail detecting either the left or right hip parts; in these
cases, the middle hip position is used as a substitute for the
missing part. Then:
1. If LRSh and LRHi agree: If CSh > CHi, αSh is con-
sidered as the pose orientation estimation and CSh its confi-
Fig. 4. Pose orientation estimation: (a) OpenPose output, (b)
mapped 2D coordinates. (c) Side check, (d) face direction
double-check (e) a final estimation.
dence. If not, αHi and CHi are selected.
2. Otherwise, if |CSh−CHi| is smaller than a threshold (i.e.
0.4 in our results), the player’s face direction is checked. In
the image domain, the difference among the X positions of
all face parts and the player’s neck is computed. If most of
the parts move towards the origin of the X axis (Fig. 4(c)),
the player’s LR-side will be left; otherwise, the player’s LR-
side will be right.
Then, given the final pose orientation estimation αP
and its related confidence CP , a Gaussian probability dis-
tribution is located around it, with effective support size
NP = max
(⌊
Nbins
(
1−CP
2
)⌋
, 1
)
, centered at
orP=

⌊
αP
360/Nbins
+ Nbins4
⌋
if αP360/Nbins < 18⌊
αP
360/Nbins
+ Nbins4
⌋
−Nbins if αP360/Nbins > 18
where the second element of the sum is an offset that com-
pensates the bin order (Fig. 3(a)). The output vector of this
orientation estimation will be denoted as HP .
Coarse Orientation Validation: despite the notable per-
formance of Open Pose, image quality problems (e.g. blurry
or really small players) are challenging scenarios where esti-
mated players’ pose might be flipped 180o: this is, the right-
left shoulders (or hip parts) of the corresponding player are
swapped. An inaccurate detection of the player pose results
in huge errors while estimating the pose angle, as the actual
normal vector is the opposite of the predicted one, thus in-
troducing errors that might oscillate between 120o and 180o.
In order to double-check the pose orientation estimation and
to ensure that the upper-torso normal vector is computed in
the correct direction, a Support Vector Machine model has
been trained to classify three types of coarse orientations:
front-, side- and back-oriented players (see Fig. 5). Two
characteristics are concatenated in the feature vector: color
features in the Hue-Saturation-Value color space (histogram
of 36-18-18 bins in the respective channel) and geometrical
properties (pixel-wise distances between the 4 upper-torso
coordinates). Having the position of the upper-torso parts,
obtained from pose keypoints, the above-mentioned features
are only computed inside the defined trapezoid, hence dis-
carding misleading features such as the color of the field.
Fig. 5. (a) front-, (b) side-, and (c) back-oriented players, (d)
corresponding potential pose orientation.
2.2. Ball Orientation
The other performed estimation is related to the position
of the ball. Logically, players close to the ball tend to be
strongly oriented towards it, while players placed far away
may not have to be duly oriented accordingly. Hence, hav-
ing all pairwise distances and the corresponding angles,
the orientation of players with respect to the ball can be
estimated. Then, for a given player at (Px, Py), in a mo-
ment where the ball is at (Bx, By) generating an angle
of β degrees, the effective support size of the related pdf
is: NB = Nbins4
⌊
1− MD−
√
(P 2x−B2x)+(P 2y−B2y)
MD
⌋
+ Nbins8 ,
where MD is a maximum distance that regularizes how far
a player can be from the ball without being influenced by it.
Then, the central bin with the highest weight is:
orB=

⌊
β
360/Nbins
+ Nbins4
⌋
if
⌊
β
360/Nbins
⌋
< 18⌊
β
360/Nbins
+ Nbins4
⌋
−Nbins if
⌊
β
360/Nbins
⌋
> 18
Once again, the outcome of this estimation is a discretized
probability vector, called from now on HB .
2.3. Contextual Merging
Once both histograms are obtained, a simple weighting is
performed between them, thus merging pose and ball orien-
tations. In particular: HTOT = wHP + (1 − w)HB , with
w ∈ [0, 1]. The orientation θ of each player is the central
value of the bin HTOT with higher weight.
3. RESULTS
The dataset provided by F.C. Barcelona included video
footage (25 fps) of several games from La Liga, tracking
data in both frame and field domains, corners positions and
contextual information. Moreover, XYZ orientation data
were gathered from youth games using EPTS devices [9] for
quatitative assessment.
Bearing in mind that OpenPose detected upper-torso
parts in 89.69% of the given image crops:
Coarse orientation validation: 14,000 players were man-
ually labelled (front, back or side); by randomly splitting it
into train and test (80-20), 85.91% accuracy was obtained.
Fig. 6. (left) team-level OrientSonar (Reception Events), (mid.) individual reaction map, and (right) individual on-field map.
w (1− w) MEAE MDAE
0 1 35.33 31.59
1 0 29.98 27.75
0.3 0.7 33.77 29.87
0.7 0.3 29.78 27.66
Table 1. MEAE and MDAE given different weights.
LR-side: this metric shows the accuracy of the LR-side pa-
rameter, which indicates if a player is facing the left or the
right side of the field. Considering a sequence of duration
T and being it an individual player in a total of NPt play-
ers in frame t, pose orientation αit , and the corresponding
ground-truth orientation ωit , this metric can be computed as:
LRacc =
∑T
t=0
∑NPt
it=0
LRVit∑T
t=0NPt
where:
LRVit=
1 if |αit − ωit | < |αit + 180− ωit |0 otherwise
LR-side performance reached 96.57% accuracy.
Parameter Adjustment: by testing all possible weight
combinations (in 0.05 intervals), results in Table 1 indicate
the error margin of different tests, showing the performance
of each individual orientation estimation and their best mix-
ture. As it can be observed, ball orientation produces the
less accurate predictions; pose orientation outperforms this
prediction by a notable margin. These individual results
prove that pose orientation needs to be heavily weighted
while merging both estimations: by setting w to 0.7, the
mean absolute angle error (MEAE) is reduced to 29.78o and
the median absolute angle error (MDAE) to 27.66o.
4. PRACTICAL APPLICATIONS
In this Section, the visualization of raw orientation data in
passing events is analyzed (12 games and 6836 passes were
included in the dataset). In particular, the orientation of the
potential receiver of a pass is computed (a) right when the
passer kicks the ball (Pass Event), and (b) at the exact mo-
ment where the player receives (Reception Event). As seen
in Fig. 6, three different types of maps can be extracted:
OrientSonars integrate player orientation and show how
players are oriented during pass events. In this display,
the following size-color codification is adopted: the radius
length of each portion in the map quantifies the volume of
passes at a particular orientation, while the color displays
their associated accuracy. ReactionMaps show how players
are moving during the pass, by comparing the orientation at
the beginning and at the end of the event; once again, dot
area expresses the volume. If a player keeps his/her orien-
tation, the resulting map will just have dots in a diagonal
line; otherwise, off-diagonal dots appear in the graph. On-
Field Maps merge and compare the pure body orientation of
players with their relative orientation with respect to the of-
fensive goal. All these maps can be extracted at a player- or
team-level, and custom filters can be created in order to in-
troduce context such as game phases (build-up, progression
and finalization); moreover, accuracy might not be the best
metric to be used, so maps can be color-codified according
to other techniques like Expected Posession Value [8].
5. CONCLUSIONS
In this article, a novel technique to compute soccer players’
orientation from a video has been presented. The method
combines two different orientation estimators: pose and ball.
While pose orientation is obtained by projecting OpenPose
output on a 2D space and computing the normal vector to
the projected torso, ball estimation calculates the orienta-
tion of all players with respect to the ball. Results have
been tested and validated with professional soccer matches:
96.6% accuracy is obtained in left-right side orientations,
and a median absolute error of 27.66o is achieved. As future
work, besides improving the MEAE, which could be done
by training an end-to-end deep learning model, the general-
ization to other sports and scenarios will be studied. Further-
more, other applications using pose data could be tested (i.e.
team/individual action recognition). Finally, new types of vi-
sualizations could be designed together with complex game
phases by including more information in the dataset.
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A. ORIENTATION MAPS
Since the original document is publication of 4 pages, this
appendix tries to complement the presented applications in
the main paper: orientation maps. Please refer to the previ-
ous paper Sections for a detailed technical methodology of
the proposed model.
As it is introduced in the article, obtaining orientation met-
rics may help coaches to boost the performance of a team by
designing optimal tactics according to players’ strengths and
weaknesses. However, orientation is not an easy statistic to
handle when dealing with raw data, so eventing filtering and
visual displays might be the tools that coaches need to have
this feature under control.
In this section, the effect of body orientation is analysed in
soccer passing events. In particular, three types of cases are
considered:
1. Orientation of the receiver in a Pass Event: this
value quantifies the orientation in the field of a poten-
tial receiver of a pass right at the moment when the
passer kicks the ball.
2. Orientation of the receiver in a Reception Event:
this value quantifies the orientation in the field of a
player who is receiving the ball at that precise mo-
ment.
3. Orientation of the passer in a Pass Event: this value
quantifies the orientation of the player kicking the ball
when performing a pass.
Moreover, the following performance statistics are used
in order to evaluate the impact of body orientation in the ob-
served passes:
1. Pass success/accuracy, which indicates if the pass
was successful or not; this is, if the potential receiver
has actually received the ball. This metric can be
used to get an overall picture of orientation, but there
might be a lack of context: an easy pass between two
defenders is valued the same way as a difficult assist
that ends up in a goal. Besides, a failed pass might
happen due to multiple circumstances, such as a bad
pass, a bad reception, or a remarkable performance of
a defender.
2. Added Expected Possession Value (EPV), a re-
cent state-of-the-art method introduced by Fernandez
et al. [8] that quantifies the contribution of each
action by modelling the conditional probability of
scoring/receiving a goal at a given time and a given
scenario. EPV is computed both at the Pass Event and
right after the Reception Event; the difference between
these two values will indicate the added contribution
of the receiving player and exemplifies what happens
after receiving the ball. For instance, a player might
receive the ball appropriately but he/she might lose it
due to a disadvantageous orientation, resulting in an
EPV drop.
In order to introduce context in the mentioned visual-
izations, different phases of the offensive plays are evalu-
ated individually as well. Bearing in mind that in a soccer
lineup there are mainly 3 rows of horizontally distributed
players, their orientation can drastically change depending
on the context: if an almost-static defender is carrying the
ball, strikers will not be strictly oriented towards it, but if
a midfielder is generating a play in the offensive court, for-
wards will be highly influenced by his position. Moreover,
the role of all defensive players also take a crucial role in the
decision-making process. By clustering the 2D coordinates
of the players in the field, the ball position can be found in
three states or phases:
1. Build-up phase: the ball is located before the first row
of defensive players.
2. Middle phase: the ball is located between the first and
the second row of defensive players.
3. Progression phase: the ball is located after the second
row of defensive players.
By filtering data from F.C. Barcelona games during the
2019-2020 season, 7500 event passes have been gathered
among 12 different players; orientation and performance
metrics have been computed for each one in order to create
helpful visualizations. For the rest of this Section, orienta-
tions have been estimated using the reference system shown
in Figure 7.
Fig. 7. Orientation references in the soccer field.
B. ORIENTSONARS
PassSonars have recently gained a lot of popularity in soccer
analytics; this kind of map is used to display the passing
frequency and accuracy of players in different directions
inside the field, just by taking 2D information from these.
In this article, OrientSonars are proposed, which integrate
player orientation and show how players are oriented during
pass events. In this display, the following size-color codi-
fication is adopted: the radius length of each portion in the
map quantifies the volume of passes at a particular orien-
tation, while the color displays their associated accuracy.
OrientSonars can be performed at two levels:
Individual level: simple visual reports of each player
can be built by combining different OrientSonars in the 3
above-mentioned possible events. These visualizations can
be useful to spot specific details when scouting a particular
player. An example is shown in Figure 8, where the main
orientation characteristics of Ivan Rakitic are shown.
Fig. 8. OrientSonar of Ivan Rakitic, showing his perfor-
mance in pass events (both passing and receiving the ball)
and reception ones, as well as different offensive phases. Ac-
curacy is expressed with pass accuracy and color encoding,
while portion size indicates the passing volume.
In this specific example it can be seen that Rakitic, as
a mid-fielder, has a strong duality receiving passes when
oriented completely backwards ( 270o) and upwards ( 90o),
as he has to receive passes from defenders (backwards) and
organize the forwards at the same time. In particular, Rakitic
excels in reception events when the orientation oscillates
between 67.5 and 112.5 degrees, which matches the most
natural reception orientation for right footed player. More-
over, game phases indicate that Rakitic is oriented towards
defenders in the build-up phase (especially the left-side
ones), but when the ball is carried towards the middle of the
court, he is also oriented towards the offensive goal, thus
potentially generating passes to forwards.
Team level: as individual performances might be biased
towards specific team tactics, the whole picture of the cor-
responding lineup has to be evaluated as well. In this map,
the individual OrientSonar of all players is placed at the
average position of every single individual. An example can
be seen in Figure 9 (a,b), where accuracy and added-EPV
are compared, and Figure 9 (c,d,e), where different games
phases can be distinguished.
Several conclusions can be drawn from these maps: from
Figure 9(a,b), it can be proven that the pass success might
not be the best accuracy metric to be used when comparing
all kinds of players, mainly because defenders perform many
non-risky passes among themselves, while forwards receive
the ball in fewer situations (and often under the pressure of
defenders) with higher risk and potential reward. For this
reason, defenders in Figure 9(a) have a lot of high-accuracy
clusters, and forwardreceive less passes at a lower accuracy
rate. This situation swaps when checking EPV: on the one
hand, defenders add less real value to the play, and on the
other hand, offensive players have some clusters with high
contribution when they receive in advantageous situations
(facing slightly upwards). Moreover, EPV peaks do not ap-
pear in random clusters: instead, a notable increment of EPV
can be observed when specific couples of players interact.
For instance, when the striker receives the ball from approx-
imately the position of the right forward or vice versa, the
team not only keeps the ball, but also creates potential goal
opportunities. The same pattern is repeated with the center-
and left-midfielder. Besides, orientation patterns may be
useful to distinguish the dominant player side: left-sided
players (i.e. left full back) tend to be oriented towards the
middle of the field, so right-side clusters have higher volume
of passes (and vice versa).
From Figure 9 (c,d,e), the interaction of players is even
more detailed according to the context: in the build-up phase,
midfielders are orientated towards the defenders, waiting for
the ball in order to generate offense. In the middle phase,
the same midfielders have the higher relevance in terms of
volume, distributing the ball in potentially advantageous sit-
uations; meanwhile, strikers look for open spaces, and rarely
receive the ball backwards (except the right-forward in the
given example). Finally, in the progression phase, two pos-
sible player roles can be distinguished: while some players
are oriented towards regions with high risk but a notable po-
tential reward, the rest occupy safe positions that allow them
to move back to another medium phase if required without
losing control of the ball, thus generating new offensive op-
portunities.
C. ORIENTATION REACTION MAPS
Although there are many different types of soccer passes, the
behavior of players during the ball displacement is crucial
to the outcome of that specific play; defenders are always
trying to anticipate, so offensive players must orient and
move accordingly before getting tackled. Orientation reac-
tion maps show how players are moving during the pass,
by comparing the orientation at the beginning (X axis) and
at the end (Y axis) of the event; once again, the color rep-
resents accuracy, and dot area expresses the volume. If a
player keeps his orientation, the resulting map will just have
dots in a diagonal line; on the contrary, if a player rotates
while receiving, off-diagonal dots appear in the graph. Fig-
ure 10 shows the orientation reaction maps of Messi (right
Fig. 9. OrientSonar of the whole team during Pass Events as receivers, displayed with different accuracy metrics: (a) pass
success metrics, and (b) added EPV. Moreover, (c) build-up, (d) middle-phase and (e) progression are analyzed individually
with pass success metrics.
Fig. 10. (left) Leo Messi – (right) Sergio Busquets reaction
maps. The X axis represents the orientation of the player at
the pass event, and the Y axis the one in the reception. Ac-
curacy has been computed with expressed with pass success.
forward) and Busquets (central midfielder).
Once again, the visual outcome differs for those players
who occupy different positions. In the given example, Messi
has a main diagonal line with some outliers, as he receives
many passes from players who are in front of him (facing
backwards) when he is running towards the goal (huge blobs
in the 75-105o), as well as straight passes from midfielders
when his is facing backwards (270-315o). Meanwhile, Bus-
quets has more dots in his map, mainly because he receives
passes from many different positions; besides, being close to
the exact middle point of the field makes things even trick-
ier, as he has defenders trying to tackle him from several
positions, thus forcing him to move even more to find a safe
spot. As it can be seen in the map, Busquets has a remark-
able performance in every single orientation, especially in
the right-side clusters. In conclusion, there is not an opti-
mal reaction map, and comparisons have to be performed by
contextualizing the player position in the field, as it is dif-
ficult to establish similarities among players with different
characteristics.
D. ON-FIELD ORIENTATION MAPS
Despite being the goal the most important part in soccer
games, all the previous displays were only based on the
orientation of the player at given events. Hence, proposed
on-field orientation maps merge information and compare
the pure body orientation of players with their relative orien-
tation with respect to the offensive goal. Given this scenario,
the orientation with respect to the goal will be computed
using the same reference system shown in Figure 7.
Visual maps can be extracted at a player-level, as seen in
Figures 11, 12, 13, where both left-right full backs (Alba –
Semedo) are compared and another individual performance
of a midfielder (Arthur) is shown as receivers of Pass Events.
In these visualizations, the X axis represents the orientation
with respect to the offensive goal (being 0-90 the left side
and 90-180 the right side), and the Y axis represents the ori-
entation of the player.
In this type of map, it is even more distinguishable how
are players clustered depending on their position. Despite
the difference in spatial performance, the visualizations of
Alba and Semedo show almost symmetric results for left-
and right-sided players. While Alba is completely restricted
to the left side of the court (0-45o in goal orientation),
Fig. 11. On-field orientation map of Alba as a receiver in
Pass Events, evaluated both with (left) pass accuracy and
(right) EPV metrics.
Fig. 12. On-field orientation maps of Semedo as a receiver
in Pass Events, evaluated both with (left) pass accuracy and
(right) EPV.
Fig. 13. On-field orientation maps of Arthur as a receiver
in Pass Events, evaluated both with (left) pass accuracy and
(right) EPV.
Semedo tends to deviate his orientation more towards the
middle part of the court, which results in regions with an
EPV drop. This particular scenario shows one of the main
differences between experienced players and the rest: in this
case, bearing in mind that Jordi Alba has been on the team
for 7 seasons in a row, it is reasonable to conclude that he
already found a comfort zone in court, where he manages to
fit all his skills without the need of taking unnecessary risks.
Apart from the fullback comparison, the plot of Arthur
shows that this type of midfielder operates on both the
central-sides of the court at more or less the same frequency;
although orientation performance could seemingly be the
same when checking pass accuracy, EPV can help detecting
complex patterns. In the given example, Arthur adds higher
EPV contributions when he is placed in the right-side of the
court, specially when receiving in a backwards orientation
(most likely from a defender); nevertheless, this type of con-
clusion has to be again contextualized with different prior
information (i.e., a player that just started playing in a new
spot for the first time in the season and needs some adapta-
tion). Filtering again by game phases could enrich this type
of map; however, data from at least a whole season would
be required in order to display meaningful and confident
results.
